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Increasing the efficiency of directional design of functional materials is a challenging work in theory, whose
performance and stability are determined by different factors entangled with each other complicatedly. In this
work, we apply the Pareto Optimization based on the Pareto Efficiency and Particle-Swarm Optimization to
design new functional materials directionally. As a demonstration, we apply the method to the thermoelectric
design of 2D SnSe materials and identify several novel structures with lower free energy and better thermo-
electric performance than the experimental monolayer structure in theory. We hope the multi-objective Pareto
Optimization method can make the integrative design of multi-objective and multi-functional materials a reality.
Waste heat is an inevitable by-product of machines that uti-
lize energy. On the one hand, we hunt for clean, secure and
sustainable new energy. One the other hand, effective uti-
lization of existing energy sources is another avenue to boost
the economic growth and social prosperity. Thermoelectric
devices and materials with high efficiency are badly needed
since they could directly generate electricity from waste heat,
in which the efficiency is described by the dimensionless fig-
ure of merit ZT = σS2T/κ, where interrelated S, σ and
κ are the Seebeck coefficient, the electrical conductivity and
the thermal conductivity, respectively. To optimize the ZT of
a material, a large power factor (S2σ) and low thermal con-
ductivity simultaneously are required. Owing to the differ-
ent extent of mean free path of electrons and phonons, each
transport characteristics could be separately and elaborately
tailored by band engineering [1–4], and by suppressing lat-
tice thermal conductivity via giant phonon anharmonicity or
strong phonon scattering [5–8] to maximize ZT in bulk mate-
rials.
What’s more, in 2013, the White House announced
the Materials Genome Initiative for Global Competitiveness
(MGI)[9] aiming to, significantly, accelerate the process ap-
plying the advanced materials to the marketplace. There are
some methods to guide the discovery of thermoelectric mate-
rials computationally[10]. So, with the scope of this work, we
aim to search for one method to discovery new stable materi-
als, meanwhile, with the better thermoelectric performance.
Recently, bulk tin selenide (SnSe) with an extraordinary ZT
of 2.6 at 923 K by Zhao et al. [11], shed a light over the field
of thermoelectric materials. This is mostly due to its ultralow
thermal conductivity (0.3∼ 0.4 W/mK). This outstanding ma-
terial has rapidly aroused great attention including the theoret-
ical exploration [12–15] and the experimental synthesis [16–
18], which taps great potential in searching the novel thermo-
electric materials. Even though there is a controversy about
the single crystalline SnSe sample and measured thermal con-
ductivity [19], these seminal works have made a crucial step
forward to high thermoelectric performance in simple and
pure bulk materials without doping or phononic crystals. At
about 810 K, SnSe undergoes a second order phase transition
Figure1
FIG. 1. (a) High-Throughput calculation scheme apdoting multi-
objectives method in thermoelectric 2D SnSe. (b) Three-view draw-
ing two typical 2D SnSe phases corresponding to the Pnma and
Cmcm bulk phases. The dark gray and the green atom symbols are
the Sn and Se, respectively.
from the low symmetry Pnma to high symmetry CmCm phase
shown in Fig. 1(b) and (c). Because of quantum confinement
effect, sometimes two dimensional (2D) materials have unex-
pected thermal [20], mechanical [21] and thermopower [22]
compared with their pristine bulk materials. Therefore, it is in-
teresting to explore whether the corresponding 2D SnSe may
be stable and show superior thermoelectric property.
In the mapping from structure to function, microscopic
atomic configuration is at the core of macroscopic proper-
ties. Thanks to the significant development of crystal struc-
ture prediction, new materials can be inversely searched by
articificial intellignece such as genetic algorithm (GA) [23],
particle-swarm optimization (PSO) [24] and data filtering [25]
rather than the traditional costly Edisonaian trial-and-error
approach. Sometimes, the structures with lowest free en-
ergy do not have good thermoelelctric performance and some
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FIG. 2. The Seebeck coefficient landscape versus free energy ofc
2D SnSe materials at room temperature (300 K). The larger colourful
symbols in the red line represent the structures in the Pareto Front
with simultaneous larger thermopower and lower free energy than
others with gray solid circle. The empty one in the Pareto Front cor-
responds to a bilayer SnSe discussed in the Supporting Information.
structures with little higher free energy (metastable) have
much better in the thermoelelctric properties. In this letter,
we adopt an efficient and reliable method combining multi-
objectives Particle Swarm Optimization (MOPSO)[26] and
Non-dominated Sorting Genetic Algorithm II(NSGA-II) [27]
based on the Pareto front to predict better thermoelectric 2D
SnSe materials. In order to maintain accuracy and feasibility,
we overlook the electrical conductivity and the lattice con-
ductivity that are related to the controversial relaxation time
[28, 29]. In the high-throughput DFT calculations, electron-
phonon Wannier [30] and exactly iterative relaxation-time
[31] are formidable. Hence, we simultaneously optimize
free energy and Seebeck coefficient as objective functions
avoiding good property but unstable structures, and bad prop-
erty but stable structures. This directly targeted optimiza-
tion strategy is applicable to predict new materials with su-
perior property and stable structure at the same time. The
self-consistent energy calculations and structure optimiza-
tion are employed using the Perdew-Burke-Ernzerhof (PBE)
exchange-correlation functional [32] along with the projector-
augmented wave (PAW) potentials [33] implemented in the
Vienna Ab-initio Simulation Package (VASP) [34]. Energy
convergence threshold is set to 10−6 eV and all the atoms are
allowed to relax until the maximal Hellmann-Feynman force
is less than 0.001 eV/A˚. The kinetic energy cut-off was 600 eV
and phonon dispersion were obtained using Phonopy package
[35]. The Seebeck coefficient was evaluated by BoltzTraP
[36] and the MOPSO approach [37, 38] discussed here has
been implemented in our homemade computer code.
The workflow for high-throughput calculation is shown in
Fig. 1(a). Firstly, the initial crystal structures will be gen-
erated through atomic Wyckoff position and space groups.
Then local optimization (structure relaxation) will be done se-
quentially to eliminate a couple of worst structures and this
crucial process will guarantee population diversity and make
whole energy landscape a well-organized shape. During the
structures generating process, the similar structures will be
removed in order to avoid wasting calculation resources [24].
Thridly, the Seebeck coefficient will be extracted at each tem-
peratures. Here, as a benchmark, we only consider room tem-
perature (300 K) data in all calculations. The next pivotal step
is to apply multi-objective method to predict the lower free en-
ergy and higher Seebeck coefficient based on the Pareto Front.
Different from any other single objective optimization algo-
rithm, the leader is not one structure with unique property,
such as the lowest free energy, but a leader set, named the
Pareto Front including the lower free energy and the larger
Seebeck coefficient than others. Generally, in a collection of
structures, {Sn}, n∈ {1, 2, . . . , N}, N is the number of all
structures, where the Si,Sj∈{Sn},if the structure, Si, pos-
sess a lower free energy and larger thermopower than another
structure, Sj , which is called that Si dominates Sj , then the
Si is regarded as Pareto Efficiency as following equations:
E(Si) ≤ E(Sj); and S(Si) ≥ S(Sj).
where all the Pareto optimal structures constitute the Pareto
Front. Then we use PSO algorithm, making the Pareto Front
lead all the structures forward to the next Pareto Front with
lower free energy and larger thermopower than one of the
present generation. And finally, if the convergence criterion is
reached, the whole procedure will stop and output the reason-
able Pareto Front set. Otherwise, return and repeat all above
process.
Figure 2 is the result adopting multi-objective method in-
cluding 1538 samples to search the stable functional structures
only based on the chemistry composition. The multi-objective
method has the ability to predict novel structures with not only
lower free energy, but also at the same time, higher Seebeck
coefficient. The red line is the first Pareto Front set inher-
ently having lower free energy and the larger thermopower.
Interestingly, in our blind searching we have reconfirm two
known 2D SnSe structures [39, 40], the violet rhombus sym-
ble and its left nearest neighbor gray solid circle correspond-
ing to Fig. 1(b) and (c) respectively, which validates the cor-
rectness and exhibit robustness of our computational method
in high-throughout multi-objective calculation. Furthermore,
three novel materials, 2D SnSe-I, 2D-SnSe-II and 2D SnSe-
III, in the Pareto Front with superior stability and much larger
thermopowers than the known structures.
Now let us continue to confirm the thermoelectric perfor-
mance and the stability of the three novel 2D SnSe structures
in the Pareto Front adopting multi-objective method, which
are with little larger free energy and much larger Seebeck Co-
efficients than the structures in Fig. 2. The orange hexagon in
Fig. 3(a) is the honeycomb monolayer, 2D SnSe-I, with small
bucking on the side view similar with the silicene [41]. The
blue hollow hexagon is one bilayer counterpart of the hon-
eycomb structure. Due to the many different stacking styles,
3FIG. 3. Crystal three-view drawings of the novel 2D SnSe structures
with superior thermalpower in the Pareto Front. (a) 2D SnSe-I, (b)
2D SnSe-II and (c) 2D SnSe-III structures, respectively. (d)(e)(f) are
the corresponding phonon dispersion relations.
there are a couple of gray circles around the blue one. 2D
SnSe-II phase, Fig. 3(b) lie on the Pareto Font in red penta-
gram with armchair and zigzag ridges in the different sides.
More interesting, we discover accidentally that same main
group and stoichiometric number of GeSe has been synthe-
sized by high-pressure techniques [42], which are very similar
with our 2D SnSe-II material. The structure of gray solid cir-
cle, near neighbor (left one) of the red pentagram, has higher
symmetry than 2D SnSe-II corresponding to the monolayer
Cmcm phase compared with monolayer Pnma phase. The
structure of green triangle, 2D SnSe-III, is shown in Fig. 3(c)
combined with armchair and zigzag one by one viewing from
one side. The optimized structural parameters, a and b, of
three novel 2D SnSe are summarized in the Supporting Infor-
mation.
Now our first priority is to certify the stability of these
new freestanding 2D SnSe materials. The free energy of 2D
SnSe-I (-3.998 eV/atom), 2D SnSe-II (-4.023 eV/atom) and
2D SnSe-III (-4.026 eV/atom) are higher than Pnma phase (-
4.059 eV/atom). The dynamical stabilities of these metastable
structures have been confirmed by phonon dispersion relations
shown in Figure 3 (d), (e) and (f), respectively. For 2D mate-
rials, there are two acoustic phonon modes linear with q in the
vicinity of the Brillouin Zone center and the cross-plane po-
larized acoustic ZA mode has a quadratic dispersion near the
Γ point that is a characteristic of 2D materials. Moreover, ab FIG. 4. (a) (d) (g) Electronic band structures, total density of
states,(b) (e) (h) Fermi surface below 100meV top of valence band
and (c) (f) (i) Seebeck coefficient of the 2D SnSe-I, 2D SnSe-II and
2D SnSe-III structures, respectively. The fermi energy is setted as
0ev which is the dotted line in the corresponding electronic band
structure.
4initio molecular dynamics (AIMD) simulations using canon-
ical ensemble at a series of elevated temperatures with life-
time longer than 10 ps was performed to verify their stability
shown in the Supporting Information. Phonon dispersion re-
lations indicate that the thermal conductivities of SnSe-II and
SnSe-III are lower than the SnSe-I phase.
Electronic band structures, density of states, band degener-
acy and Seebeck coefficient of 2D SnSe-I, 2D SnSe-II and 2D
SnSe-III, are shown in Fig. 4. We can see that in the struc-
ture 2D SnSe-I, the valance band maximum (VBM) is in the
G-K path, and the conduction band minimum (CBM) is in the
M-G path in the Brillouin Zone (BZ) with indirect band gap
of 2.21 eV around the Fermi level. For the 2D SnSe-II, the
VBM is in the Y-G path, the CBM is in the G-Z path with the
indirect band gap of 1.62 eV smaller than the 2D SnSe-I. Fur-
thermore, in the 2D SnSe-III, both VBM and CBM are in the
G point with direct band gap of 1.11 eV that is least bandgap
among these three structures. Their band gaps are larger than
that of the monolayer Pnma phase (0.941 eV[12]).
Fig. 4 (c), (f) and (i) are the Seebeck cofficient dependent
of the chemical potential µ corresponding to the 2D SnSe-I,
2D SnSe-II, 2D SnSe-III structures respectively. The sign of
Seebeck illustrate that dominate carrier transport. Positive or
negative S correspond to the hole carrier (p-type and µ < 0) or
eletron carrier (n-type and µ > 0). The maximum of Seebeck
cofficient of SnSe-I, SnSe-II and SnSe-III are 2964 (µV/K)
2726 (µV/K) and 1795 (µV/K) which are much larger than
the known 2D SnSe monolayer of Pnma phase (around 1600
(µV/K)) [28] and 3-5 times of bulk SnSe (500-580 (µV/K))
[46] at PBE level.
Mahan-Sofo theory [47] estimates Seebeck coefficient us-
ing effective mass can be expressed as following equation:
S =
8pi2k2BT
3qh2
m∗d(
pi
3n
)2/3, (1)
where h is Planck constant. Because Seebeck is proportional
to the density of states (DOS) effective mass m∗d. Therefore,
the narrower the electronic band, the larger the effective mass
that lead to larger Seebeck coefficients [2]. For 2D materials,
the relation between density of states effective mass and band
effective mass is
m∗d = Nb ∗m∗b , (2)
where the m∗d is DOS effective mass, the Nb is the band degen-
eracy, and the m∗b is the band effective mass. The band degen-
eracy of the electronic band structure plays a very important
role in the band engineering about improving the thermoelec-
tric performance. In the context of p-semiconductor, the fermi
energy is close to the top of valence band, so for the three 2D
structures, the fermi surfaces within 100meV from the top of
valence band in the first Brillouin zone are calculated shown
in the Fig. 4 (b), (e) and (h), and the high-symmetry points are
given. the band degeneracy, Nb, is 4, 4, 2 corresponding to the
2D SnSe-I, 2D SnSe-II, 2D SnSe-III structures respectively.
On the one hand, we use multi-objective method thus higher
Seebeck coefficient is one of the intrinsic optimization objec-
tive besides the lower free energy. One the other hand, based
on the Mott formula [47],
S =
pi2k2BT
3q
· {d[ln(σ(E))]
dE
}E=EF . (3)
If the specific system or materials has a local substantially in-
crease of the density of states over a small energy scale E,
the Seebeck will be enhanced. In the expression, energy-
dependent electrical conductivity σ(E) = g(E)f(E)qµ, in
which f(E), g(E), q, kB , and µ are the Fermi-Dirac distribu-
tion function, the density of states, carrier charge, Boltzmann
constant and the mobility. Furthermore, strong asymmetry of
the density of states is another reason leading to our large See-
beck compared with previous structures.
Generally, there are three mainstream approach to enhance
Seebeck coefficient. High valley degeneracy produced by car-
rier pocket eneginerring [1], a distorted density of states by
doping that resonates one energy level of a localized atom [2],
weak electron-phonon coupling [43], phonon drag effect [44]
and pudding-mold-like shape in the highest valence band or
lowest conduction band that is beneficial to a high Seebeck
and conductivity [45]. Around the Fermi level, as local in-
crement in the DOS becomes sharper and the effective mass
become larger, the Seebeck coefficient will be larger.
In conclusion, we have applied the multi-objective Pareto
Optimization method based on the Pareto Efficiency and
Pareticle-Swarm Optimization to directionally design func-
tional materials only according to the chemistry composition.
This method has the ability to design the structures with hav-
ing not only lower free energy but also larger Seebeck coef-
ficient, at one time. Further more, the Pareto Optimization
shows the great potential to design more wide kinds of stable
and multi-functional materials, where multiple material prop-
erties are in demands instead of the thermoelectric property.
The designed substantial novel structures in the Pareto Front
also indicates that the group IV-VI and group-V may share
similar homogeneous configurations with the similar outer va-
lence electrons. Specially, there are abundant 2D structures
which are similar with the discovered 2D Phosphorus sheets
[42, 48–50]. Hence, the efficiency of Pareto Optimization of
structures has demonstrated that it is instructive to the further
materials design and maybe even the experimental synthesis.
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